Introduction: Detecting driver distraction is a significant concern for future intelligent transportation systems. We present a new approach for identifying a distracted driver's behavior by evaluating a stimulus and response interaction with the brain signals in two ways. First, measuring driver's response through EEG by creating various types of distraction stimuli such as reading, texting, calling and using phone camera (risk odds ratio of these activities determined by NHTSA study). Second, using a survey, comparing driver's order/perception of severity of distraction with the derived distraction index from EEG bands.
Background
Electroencephalography (EEG) is a technique for the measurement of electrical activity or the potential difference between different parts of the brain. It occurs as a result of ionic current flows when neurons communicate with each other. The novel idea of using EEG to communicate with a computer emerged in the early 70's with the research initiated by Vidal [52] . Since then, many diverse areas such as robotics, gaming, and neurofeedback applications use this technique [11] . Brain-computer-interfaces (BCI) are being adopted increasingly for real-time monitoring of patients, neural prosthetics, affective computing, gaming, and security [58, 36, 5] . The future developments are being focused on recording and transmitting EEG signals using a wireless platform and at the same time supporting mobility for such applications [28, 8, 56] .
In the recent past, many investigations have been made for driver distraction behavior. Specifically, the U.S. National Highway Traffic Safety Administration (NHTSA) has given significant attention to this issue [18, 47, 23] . It reported nearly 3,450 deaths in 2016 (9% of overall fatalities) resulting from distracted driving crashes in the United States [41] . NHTSA defines driver distraction as "any activity that takes a driver's attention away from the task of driving". Their guidelines [40] have listed manual text entry, reading and displaying graphics unrelated to driving as unsafe driver distractions. According to studies on drivers' willingness to engage in various sorts of potentially distracting tasks, highest mean ratings were shown in activities like entering text messages from the phone, looking up stored phone numbers, picking up and reading a message on PDA and sending emails [26, 7] . It influenced us to formulate an experiment to study an individual's brain pattern involved in common distraction activities.
Measuring whether a driver is distracted or not is not an easy task and may involve analysis of many parameters [9] . There must be proper metrics and measurements available to quantify driver distraction accurately. Obtaining data directly from the brain to measure distraction sounds more natural and plausible. According to a review by Dong et al. [12] , there are primarily three types of inattention detection methods -biological signal processing approaches, subjective report approaches and behavior signal processing approaches. Under biological signal processing approaches, EEG plays a critical role in detecting driver distractions. Further, their study highlights EEG technique as one of the most accurate methods of detecting driver inattention. Their findings inspired the usage of EEG in our research to study about driver distraction.
Most of the existing work for analyzing driver distraction using EEG was performed in simulated environments [2, 21, 49, 25, 30] . Faro et al. [17] in their study of analyzing driver status observed that channel locations F7, F8, FC5 (according to international 10−20 system, Fig. 1 ) play an active role in detecting distraction. They observed the frontal areas as the most significant channels for 18 out of 20 peoples' sample. Using a virtualreality (VR) based simulator, Lin et al. [29] observed increased powers in the theta, and beta frequency bands in the frontal cortex while studying the dynamics of dual-task driving performance. They also proposed that motor area was not related to the distraction effects as most of the brain resources were occupied in the frontal area to deal with the two tasks. Also, the correlation was low between EEG dynamics in motor area and its corresponding response times. [43] . The letters F, T, C, P and O stand for frontal, temporal, central, parietal, and occipital lobes, respectively. The electrodes used in EPOC headset are marked in green color and Neurosky electrode placement in orange.
Detecting driver emotions using EEG can also be very useful in observing driver distraction. Fan et al. [16] explained the importance of emotions towards driver safety. Their research claims to detect human emotion using EEG with an accuracy of 72.25% for the targeted group samples. Studies in the past have also evaluated drivers' mental workload [45] . Lei, Welke and Roetting [27] assessed this workload using EEG data when drivers were performing multiple tasks simultaneously. They also used a virtual driving simulator to present each subject with four different blocks of lane change tasks and observed that EEG is very effective tool for evaluating a driver's mental workload. An EEG-based drowsiness estimation system used the EEG power spectrum methods to estimate indirectly a driver's drowsiness level in a VR-based driving simulator [32] . Another work by Lin et al. showed the use of independent component analysis (ICA) in estimating driver's drowsiness effectively [31] .
Contributions
Current literature focuses on the use of simulated driving in distraction studies using EEG. In this work, we collected responses from human subjects during on-the-road driving in a real environment that incorporates complexities arising from multisensory cues as opposed to virtual-reality driving that involves only distal cues and non-vestibular self-motion cues [46, 20, 48] . The newer generation of EEG recording devices [37, 14] have eased the signal acquisition process and storage. Our aim wad to utilize these devices to develop a reliable and robust application that supports mobility as well as simplification of high-dimensional EEG data to generate 2 safe real-time feedbacks for the drivers'. A user acceptable assistive application is highly desirable to disrupt and change behavior, and prevent fatal accidents resulting from distracted driving.
The key contributions of this paper are:
• Performed extensive on-the-road trials with 15 subjects in a real-life naturalistic driving setup where the brain responses are much more complex and intriguing than a simulated driving environment. Nearly all the prior studies focused on the use of simulated study [29, 55, 54] .
• Localized the identification of common distractions to one electrode (FC5) from 14 electrode locations. All the previous work performed classification and prediction with more than one electrode [12] . Using a single dry sensor EEG also increases the usability and acceptability of our system.
• Established a system to understand and distinguish between multiple scenarios of everyday driver distractions such as reading, texting, calling and taking a snapshot.
• Developed an interactive real-time training and calibration of a mobile application to provide safety alerts to the drivers based on their level of cognitive distraction computed using the EEG spectrum.
The methodology of the driver distraction system consists of three main stages; process the EEG signals, analyze using time, frequency and independent components, and classify them into various types of distraction events (Fig. 2) . The rest of the paper discusses scenarios of distraction and the methods that help to recognize such behaviors. The last section is dedicated to the feasibility of detecting these events on a mobile platform.
Materials and Methods

Ethics Statement
Ethical approval for the study was obtained from the Institutional Review Board at the University where research was conducted. 
Stimuli
The stimuli used in this study were based on the common distractions (read, text, call, & snapshot) observed while driving [47, 22, 1] . The NHTSA study [1] provides a summary of the risks associated with performing these distraction tasks (Fig. 3) . Following is a brief description of all the stimuli used to study the EEG responses:
1. Base (undistracted): Normal driving behavior of a subject without engaging in any tasks while driving 2. Read : Subject was presented with an unseen article on a printed paper to read while driving 3. Text: Involved composing and sending a message while driving by using any of the standard messaging services on the mobile phone 4. Call : Subject browsed his/her contact list and made a call to the desired person 5. Snapshot: Subject operated the phone's camera that involved taking pictures either using the front or back camera
We also performed a pretending to text activity to observe the differences from an actual distraction task. In this activity, the driver looked at his phone screen intermittently while driving. The testing conditions were purposely kept simple in order to implement a controlled driving environment by isolating only the designated distraction. Adding complicated driving courses and behaviors such as hard turns or lane changes cause more complex brain activity that could mask or mislead the driver distraction signals.
Driving Location
The road section adjacent to a parking lot on the University campus was chosen for the study (Fig. 4) . We conducted the experiment during the time the parking lot was rarely used to ensure a safe environment for the study. The path driven was a straight and curved stretch of nearly one mile. There was a minor risk of accident associated with performing the tasks while driving. Therefore, principal investigator and the student investigator constantly kept a check for any undesirable events such as subjects moving out of the lane while driving, monitoring incoming traffic on the opposite lane, and rare cases of any pedestrians being present to make sure of the safety on the road. There was no case of any injury or accident at the end of data collection process from any subject.
EEG Acquisition Devices
The distracted driving study was conducted using two different EEG recording devices; Emotiv's EPOC neuroheadset [14] and Neurosky's Mindband [37] . EPOC is a portable device to record EEG data from 14 saline 4 electrodes placed according to the international 10−20 system (Fig. 1) . Its sampling rate is 128 Hz. It has a built-in gyroscope that generates optimal positional information for cursor and camera controls allowing a total range of motion. The Neurosky headband contains a single sensor dry electrode with an ear clip reference to record signals from the scalp. Its sampling rate is 512 Hz and records signals up to 100Hz. It has a rechargeable battery, and a stretchable fabric makes it very convenient to wear and adjustable to different head sizes. A significant benefit over Emotiv is that it has a single dry electrode and needs no preparation. Since, the data collection was carried out in a dynamic environment with multiple subjects, we used conductive gel in some cases to ensure good contact with the Neurosky electrode. Quality of the signals was monitored using the signal strength information from the electrode (good strength equivalent to 200 is solid contact with the skin/scalp).
Data Collection
The data was recorded for 15 right handed subjects, nine males, and five females with ages between 24 -28 years, and one male with age 55 years. In the pilot study with two subjects, EEG data was recorded from both the 14 electrodes and single electrode headsets. In the main study with 13 subjects, EEG data was collected using the single electrode device (explained in forthcoming sections). A session consisted of performing one trial of each distraction activity (read, text, call, and snapshot). The recording time for each task was nearly 60 seconds over the pre-defined road route. We avoided contaminating the EEG readings of participants with any known factors such as tiredness or boredom. At the end of every session, the participants either chose to come back or continue with the data collection. The variation in sessions was dependent upon the willingness of participants to volunteer for more than one session. Hence, the number of sessions varied from two to four for the subjects. The details of the complete dataset are shown in Table 1 . The experiment was carried out by two people; one performed the driving task, and the other person recorded the data as well as gave the audio prompts for the desired activity. The driver was asked to relax for few seconds before a prompt to start driving. An audio cue was given to perform a certain distraction activity (text or read) and finally, the driver was asked to stop the vehicle safely. The subject was not aware of the order in which he/she will perform the distraction tasks. We wanted to carry the distraction activity as a controlled event to visualize the maximum effect of distraction in the EEG activity. Also, we did not want to bias the EEG signals with any known criteria prior to performing the distraction activity and intended to keep the experimental conditions similar for all participants.
A laptop was used to establish a wireless connection to the EEG headsets and record the data for further processing. A video of the driver was also recorded simultaneously throughout the experiment for reference and verification of the distraction tasks. Both the EEG and video recording were synchronized at all times. The same EEG data was also collected synchronously on the smartphone using the mobile API (Application Interface) described in the section on Brain Mobile Application Interface. During the whole experiment, the BCI -Brain-Computer-Interface, BMI -Brain-Mobile-Interface second person in the vehicle also kept a check on any undesirable events. In such a situation, the experiment was aborted and started again.
Stimuli-Response Identification
The challenge in this experiment was whether we could localize the identification of response to distracted stimuli using a few scalp locations. The data collected from 14 electrodes added many parameters and constraints for carrying out effective real-time analysis on the recorded brain signals. Also, the subjects preferred to wear an EEG cap with less number of electrodes. So, the initial phase of the experiment involved reducing the electrode positions to study the EEG responses to stimuli with a 14 electrode headset. We performed three analysis -time domain, frequency domain and independent component analysis to discover the electrodes capable of detecting distraction with reasonable accuracy.
Time Domain Analysis
A base trial (undistracted activity) was recorded before each distracted driving task trial using 14 electrodes. This collection generated a large number of data readings. Therefore, for illustration purpose, we plot the brain activity of only one trial of two activity types for a subject. Figs. 5 and 6 show the brain activity during normal driving and sending a text message while driving. O1, O2, FC5 and FC6 electrodes showed a rhythmic pattern of occurrence of high and low frequency in the EEG signals of text activity compared to the baseline signals (statistical tests detailed in Results and Discussion section). Shweizer et al. fMRI study suggested that brain activation shifted dramatically from the posterior, visual, and spatial areas to the prefrontal cortex during distracted driving [50] . We also observed that channel-4 (FC5) showed sudden bursts of high and low frequency in the brain signals compared to other electrodes for various types of distraction events. We further investigated to verify if the EEG behavior identified in the FC5 channel correlated to driver's distracted activity. As the recorded video of the driver was synchronized with the EEG data recording, it was easy to find a correlation between our observations and the behavior exhibited by the EEG signals. Fig. 7 shows the moments of distraction extracted from the video frames of the distracted activity. The time of the extracted event shown under each frame explains the corresponding EEG pattern. The text while driving activity showed the appearance of rhythmic occurrence of EEG bursts corresponding to the action of typing a text while looking at the screen of the phone.
Time-Frequency Analysis
Similar to the previous experiment with the 14 electrodes headset, EEG signal acquisition, and video recording were synchronized while collecting the data. The recording was started a few seconds before the distraction activity to verify the base profile. We observed a similar pattern of high and low alternating frequency bursts in the time-frequency data obtained from the single electrode band for other tasks such as reading while driving ( : EEG signals from a base profile (undistracted driving) trial of a subject using the 14 electrodes headset.
9). The change was spread across the higher frequency bands except the low frequencies between 1−4 Hz. EEG signals have inherent characteristics that lower frequency components have higher magnitude compared to higher frequency components. No difference observed in the intensity for frequencies above 10 Hz in baseline is because the magnitude of lower frequencies have masked the subtle changes in the higher frequency components. We observed this behavior in power spectrums of all the subjects. However, again for illustration purposes, the spectrum plots show activities from only a single subject. Thus, the power spectrum analysis further strengthened our hypothesis of identifying distraction from FC5 location (statistical tests detailed in Results and Discussion section).
Independent Component Analysis
The 2D scalp map for each component of the independent component analysis (ICA) of all 14 channels is shown in Fig. 10 . Again, ICA was carried out for all the activities, but we discuss the components of one distraction type (texting) to facilitate our discussion. The components were calculated for the entire duration of a trial [10] . ICA is a popular method to separate linearly mixed sources. However, even when the sources are not truly independent, it converges to a maximally independent space of sources separation, which was desired by our study. Component 13 accounts for a significant EEG variance observed in the distraction activity of texting. Component 4 contributes to the eye movement artifacts in the frontal region. The ICA algorithm has no apriori knowledge about the electrode positions for the EEG signals and gives us maximally independent sources of cortical synchrony [34, 4] . Fig. 11 shows the topographical distribution of power at the center frequencies of the EEG bands (theta-θ, alpha-α, beta-β, gamma-γ) and each colored trace represents power spectrum of the texting activity in a channel. We can see the scalp distribution of power at 25 Hz (beta-β) and 34 Hz (gamma-γ) of a texting task were concentrated in regions around FC5 and FC6 electrodes. Similarly, the scalp map distribution (Fig. 10 ) of the components shows that IC 13 accounts for a significant variance in the activity spectrum. Also, it was evident that IC 13 has the highest contribution to the activity at FC5 electrode at 25 Hz as shown in Fig. 14 . We compared the activity spectra of all components at this electrode and contribution of IC 13 to other scalp locations to validate this (only two included here due to space constraints). The activity spectrum plots in Figs. 12 and 13 showed a perfect synchronization between the neural activations recorded at FC5 electrode and the cortex source identified by Component 13. Hence, it was reasonable to conclude that the activity observed in FC5 electrode could be used as a cortical source to identify distractions without any significant loss of distraction related information (ignoring the smaller contributions of other cortical sources to the power distributions in higher frequency bands such as beta and gamma). This favors the use of the single electrode (FC5) compared to that of bulky 14-electrode system. 7 Figure 6 : EEG signals from a texting while driving trial of a subject using the 14 electrodes headset. Signals corresponding to the O1, O2, FC5 and FC6 electrode regions exhibit alternating high-low frequency patterns in the raw EEG compared to the baseline signals (Fig. 5 ). subject separately through the existing machine learning models. Later, we shall discuss how this information can be used to calibrate an application to detect the distraction levels and create an index to measure such distractions.
Quantification
We studied the classification problem of EEG distraction response as a two-class problem and a five-class problem. In the two-class problem, the distraction class was the positive class -a grouping of all the distraction tasks (read, text, call and snapshot). The other category, the base class was the negative class which represented a normal driving pattern of a subject. For the five-class problem, each of the tasks performed while driving were considered a separate category -base, text, read, call, and snapshot and we performed multi-class machine learning assessment. Since each task recording was nearly 60 seconds, we split the baseline and distraction tasks to form multiple trials of three to five seconds. This sub-sampling of the tasks was done to increase the instances and have a balanced dataset for classification. Also, it was difficult to precisely perform a distraction activity for three to five seconds. Hence, the same distraction activity was carried out for a longer time and repeated in multiple sessions to reliably capture distraction signatures. Secondly, the variations in brain dynamics were better captured in smaller intervals than using the whole reading as a single event.
Additionally, we compare the performance of distraction classification between 14 channels and one channel (FC5) for the pilot study subjects. Table 1 shows the details of the complete dataset with the number of trials for each task. Subjects 1 and 2 performed the distraction maneuvers using 14 electrodes headset. Subject 15's data was recorded on the mobile phone to test the real-time application for distraction detection. Therefore, we label the data obtained from either the Brain-Computer-Interface (BCI) or the Brain-Mobile-Interface (BMI).
Feature Extraction
The feature extraction process was the same for the data obtained from both the 14 electrodes and single electrode headsets. We used two approaches for feature extraction.
• Fast Fourier Transform (FFT): First, the raw time domain data was converted to frequency-time spectrums. Then, the window size was increased to the whole EEG reading duration of a trial, so that it will eliminate the time axis of the plots and only produce the frequency spectrum. Thus, the time window for the FFT was the total EEG recording duration of a trial. The attributes consisted of 5 bands, namely Delta (1-4 Hz), Theta (4-8 Hz), Alpha (8-12 Hz), Beta (12-30 Hz) and Gamma (31-40 Hz). The power values in each window were averaged to produce the feature value. Hence, for 14 channels there were Figure 9 : Time-frequency representation of the distraction activities (read, text, call, snapshot) from one driving session of a subject recorded using the single electrode headband at FC5 location. All the distracted driving maneuvers exhibited an increase in the total EEG power spectrum compared to baseline (undistracted driving).
14 × 5 = 70 values in the final feature vector for each EEG reading. Similarly, for the single electrode we had five values in the feature vector of a trial (Fig. 15 ).
• Discrete Wavelet Transform (DWT): We used the Daubechies family (db8) as the mother wavelet for the transform. It's irregular shape and compact nature help in analyzing signals with discontinuities and sharp changes such as EEG signals. Instead of using all the coefficients at each decomposition level, we extracted the information from the wavelet coefficients only at the levels corresponding to the five frequency bands mentioned in FFT feature extraction (Fig. 15) . The mean of the absolute values of the coefficients and their average power in these levels were used as features. Thus, the DWT feature vector was composed of 10 features for an electrode.
Once the feature vectors were extracted from an each EEG reading, they were organized into an ARFF (Attribute-Relation File Format) file format for Weka [19] tool to process various machine learning models. Figure 10 : 2D scalp map projection for all the independent components. These components were obtained from the independent component analysis (ICA) of the 14 channels EEG data for a texting trial of a subject. ICA helped to unmix the multi-channel EEG data into a sum of linearly independent, spatially fixed cortical sources. Figure 11 : The electrode spectra of the 14 channels (colored traces) and associated topographical distribution of power at the specified center frequencies of the EEG bands (theta-θ, alpha-α, beta-β, gamma-γ).
Results and Discussion
Classification
The classification of EEG distraction response was performed using supervised learning models. We include the Brain-Computer-Interface (BCI) and Brain-Mobile-Interface (BMI) to compare the classification performance using both the interfaces. We used the standard probabilistic and neural network classifiers -Bayesian Network and Multilayer Perceptron as the machine learning methods because of their extensive use in EEG analysis [3, 44, 33, 51] . K-fold cross validation was conducted for each classifier. The training set was randomly divided 11
Figure 12: Activity power spectrum and the scalp map projection of component 13 for a texting trial of a subject (same trial as in Fig. 10 ). This dipole-like scalp map distribution of component 13 has a beta band peak near 25 Hz and accounts for a significant EEG variance observed in the distraction activity of the texting trial.
FC5
Figure 13: Activity power spectrum of FC5 channel for the same texting trial of a subject as in Fig. 12 . The power spectrum showed a perfect synchronization between the neural activations recorded at FC5 electrode and the cortex source identified by component 13 with a similar beta band peak near 25 Hz.
into K disjoint sets of equal size, K-1 folds used for training and the remaining one for testing with each time a different set held out as the test set. The overall performance was analyzed by using various indexes such as accuracy, precision, recall, F-score, and AUC (area under curve). F-score is a measure that combines precision and recall, and is computed as the harmonic mean of them. Tables 2 and 3 show the distraction performance of the classifiers for the two-class (base, distract) and five-class (base, read, text, call, camera) problem respectively for each subject. Similarly, we analyzed the complete dataset consisting of all the subjects together to study the two-class and the five-class problem ( Table  4 ). The performance measures were weak compared to the subjective classification of distraction because of the difference in the EEG response among the subjects while performing similar tasks. Five-class classification measures were worse than the two-class problem. The normalized confusion matrices of the five-class problem 12 Figure 14 : Contributions of the five largest independent components as a percentage of the total power at FC5 electrode at frequency 25 Hz for the texting trial (same trial as Figure 12 ) of a subject. Component 13 accounted for the maximum variance compared to other independent components with more than 87% of the power at the FC5 electrode.
were compared among different subjects ( Fig. 16 shows for two subjects). It clearly reflects the variation in the classification of the same distraction activities for the subjects. Hence, a real-time distraction detection application requires calibration for each driver, as discussed in the section below.
Distraction Index
We can observe the differences in the active regions of the frequency bands for various distraction activities. However, it's difficult to quantify these distractions from raw EEG signals, time-frequency plots or even machine learning models, especially for real-time alerts. Therefore, we developed an index of distraction using the signal power in various frequency bands of EEG as follows;
where θ is the average EEG power between 4-8 Hz, α -between 8-12 Hz, β -between 12-30 Hz, and γ -between 31-40 Hz. The reasons to include these EEG frequency bands was to capture their varying contribution in distraction. The ratios were important because the common noise in all the bands such as muscle artifacts will be mitigated. : Normalized confusion matrices of two subjects to depict the performance of the system to distinguish between various types of distraction (read, text, call, and snapshot). The normalized counts on the diagonal are the true positives for each class and the counts not on the diagonal are the errors for each class. The classifier performance for a subject was independent of the other subjects.
EEG signals have inherent characteristics that lower frequency components have higher magnitude compared to higher frequency components. Hence, each term (e.g. θ/α) in the index was specifically a ratio of the adjacent band so that no band masks the contribution of another frequency band. The addition of the three ratios increases the dynamic range of the index and helps in evaluating the extent of distraction. We also ranked the tasks in order of the severity of distraction and compared it to the actual order of distractions rated by the subjects (Table 5 and Fig. 17 ). An average over all the trials was taken to represent the mean Distraction Index for each task of a subject. The differences in the levels of distraction were certainly unique to the activity and subject. 14 
Statistical Analysis
Nonparametric test -Wilcoxon matched pairs signed rank test [35] was used to compare between the base and distraction activities as we had two paired groups with sample size 15. H 0 (null hypothesis): There was no difference in the average EEG power of the subjects in normal (base) driving compared to distracted driving scenario. The critical value for this two-sided test with n=15 (sample size) and α=0.05 (level of significance) is 25 and the decision rule is to reject H 0 if W ≤ 25 (test statistic) [42] . We obtained p = 6.1035e-05 and signed rank (W) = 0. Since W ≤ 25, we can reject the null hypothesis that there was no difference between the average power spectrums of the two groups. Table 6 shows the average EEG power in the activity spectrum of 15 subjects during normal/base driving and various distracted driving scenarios. Nonparametric Friedman's test [35] was used to examine whether performing distraction tasks while driving caused any difference in the average EEG power measured at various electrodes (14) for a subject using a two-way layout as shown in Table 7 .
H 0 (null hypothesis): There was no difference in the average EEG power measured at the 14 electrodes Features from the time-frequency spectrum were used to rank these distractions. The rank was obtained from the value of distraction index given by a summation of power ratios obtained in different frequency spectrums of the EEG for an activity (θ/α + α/β + β/γ). for the various distraction distractions performed by a subject with α=0.05 (level of significance). We obtained that there was a statistically significant difference in the average EEG power of various electrodes during distraction while driving, χ 2 (2) = 34.54, p = 0.001. To examine where the differences actually occurred, we ran separate post hoc test -Wilcoxon signed-rank tests on the three combinations based on our previous observations. We used one-tailed test with n=16 (sample size) and α = (0.05/3 = 0.0166) (Bonferroni corrected level of significance). The summary of the test is as follows:
• FC5 to FC6 -Test revealed an increase in the average EEG power at FC5 compared to FC6 (p = 0.0015, zval: 2.9733)
• FC5 to O1 -Test revealed an increase in the average EEG power at FC5 compared to O1 (p = 0.0039, zval: 2.6630)
• FC5 to O2 -Test revealed an increase in the average EEG power at FC5 compared to O2 (p = 0.0070, zval: 2.4562)
Discussion
Previous studies have revealed the effects of distracted driving regarding the attentional resources of one brain region being compromised over another. The observations indicated a substantial shift in brain activations from posterior (back of head area) to anterior (forehead area) regions, particularly in prefrontal area that is critical to driving [57] [13] [24] . In our study through EEG signals, we also observed similar demands on the mental processing of different tasks while driving. Qualitative analysis of the subjects' EEG signals using time domain, frequency domain and independent component analysis led to FC5 scalp location as the most appropriate identifiable location for determining a distraction event (Figs. 7, 8, and 14) . The machine learning results were in agreement with our observations from the distraction analysis. The mean classification results using one electrode for both the two-class (91.54 ± 5.23)% and five-class problems (76.99 ± 8.63)% were reasonable across all the subjects (Tables 2 and 3 ). The F-measures and ROC areas were reasonably high as well (greater than 0.7). We see that the classification accuracy dropped from 95.83% to 91.66% using only the single electrode for the two-class problem in the pilot study for subject 1. However, the processing overhead and overall training time was significantly reduced from 14 electrodes down to one electrode with a small compromise in classification results. On the other hand, distinguishing between different kinds of distractions using a single electrode was relatively difficult as reflected by the accuracies of the five-class problem for all the subjects (Table 3 ). There was a significant drop in classifier performance for subject one, from 94.73% (14 electrodes) to 87.09% (one electrode). The normalised confusion matrix of classification highlights these variations in detecting different types of distractions ( Figure 16 ). For instance, the subtle differences in brain activations during a read and text activity while driving for subject 4 were hard to capture by the feature extraction mechanisms employing a single electrode. Nearly 25% of the time classifier misclassified text as a reading activity and vice-versa. 16 The individual differences in classification results have interesting implications. It suggests that the brain activations of each subject are different (significant or minute) even when they are carrying out the same distraction activity. The machine learning outcomes of training the classifiers with data from all the subjects help us to understand this (Table 4 ). We clearly observed that there was no improvement in mean classification results of the two-class problem. The performance of the classifiers was worse even with the increase in the training and testing instances for the five-class problem (read, text, call and snapshot). It clearly signifies that a general classifier cannot be obtained for the entire population to provide metrics for distracted driving by just increasing the amount of training data. Hence, the need for an application that provides individual calibration was tested using the data from subject 15, acquired by the brain-mobile-interface (BMI). We achieved 86.84% and 78.86% accuracy for the two-class and the five-class problems respectively. Wang et al. [53] showed the potential to predict the start of a map viewing distraction event during navigation while driving. Their study produced interesting results with nearly 81% accuracy of prediction, however, conducted only in a simulated environment with 36 active EEG electrodes and a single distraction task. A combination of our mobile phone based detection application coupled with their prediction algorithm could form a robust framework for predicting driver intentions a-priori to the distraction events.
The feature vectors also play a significant role in the overall classification of the distraction events. We observed that the DWT features alone gave good classification accuracies for the two-class problem. So, the size of feature vector was reduced by deselecting the FFT features. However, we needed more features for the five-class problem to improve the classification. Hence, the combined FFT-DWT feature vector was used for the classification of various distraction tasks, although, using both DWT and FFT feature vectors will add overhead in the application for real-time alerts. In addition to the features selection, standard probabilistic and neural network classifiers such as Bayesian Network and Multilayer Perceptron were chosen as the machine learning methods because of their application to diverse BCI problems such as motor imagery and mental tasks [3, 44, 33, 51] . Through our analysis, we also observed that these two classifiers performed better in classifying distraction and it's types. The overall performance of these classifiers varied among the subjects. Comparing all the measures -recall, precision, accuracy, F-measure and ROC area, we observed that Multilayer Perceptron achieved better classification results for many subjects in our dataset, even though Bayesian Networks offered a computationally efficient approach. Therefore, classifier selection also showed a dependence on the individual differences in the synchronous brain activations of the drivers'.
Our findings suggest that quantifying drivers' distraction responses and generating real-time alerts is possible through a single electrode placed at FC5 location. The system offers a comfortable, wearable EEG option without compromising mobility, and usability. A limitation of this study is the assumption that the tasks while driving (read, text, call and snapshot) were the only source of distraction in a given frame of time. Our replication of the on-road driving incorporates many other complexities that are not addressed by simulated driving such as anxiety and attention that are absent in a virtual environment as there are no real consequences of distraction tasks. Another limitation is that we did not test the cognitive abilities of the subjects before the data collection. The subjects confirmed that they had no known neurological disorders before participating in the study. Also, our current study did not involve younger (<24 yrs) and older drivers (>55 yrs), that may be an interesting comparison for further study.
The Brain Mobile Application Interface describes the prototype of the driver alert system that can communicate with the EEG headset, retrieve data, and perform the necessary signal processing to generate safe feedbacks to the distracted driver in real-time. In the following section we discuss the prototype of the driver alert system to achieve this goal.
Brain Mobile Application Interface
We intended to use mobile computing resources to extract useful cognitive information from the brain signals to determine the real-time distraction level of a driver. Therefore, we developed a reliable interface between the brain sensor and the mobile phone. It provides ease of mobility for recording and processing the data in any driving environment. An Android API was used to display the raw EEG data and power in various frequency bands simultaneously while the data was being collected. We performed onboard processing in the phone to analyze, and compare these power levels in various EEG frequency bands. The expected primary results were displayed using the existing API; otherwise the rest of the data was stored in the phone memory or sent to a cloud [6] . The cloud analysis of this mobile data can be advantageous to not only to the current driver but also the other vehicles/drivers for vehicle to vehicle (V2V) communication network in future.
Design
The brainwaves were captured via a single EEG sensor [37] . The formula for converting raw EEG values to voltage is given by equation below [39] ;
where the input voltage is 1.8v, 2000x is the gain, and 4096 is the value range. Figure 18 : The architecture of the Brain Mobile system used to obtain and process EEG data on the smartphone using an Android application interface.
Bluetooth protocol was used to establish the communication to the headband (Fig. 18 ). An Android API was used to retrieve the EEG data on the smartphone [38] . The messages exchanged between the integrated chip in the headband, and API were parsed to obtain the necessary data on the phone. All the data was obtained at a frequency of 1 Hz except the raw data that was sampled at 512 Hz. Fig. 19 shows our Android API, which retrieves the raw EEG data and the power plots of different frequency bands.
Our Brain Mobile Interface API implements a real-time capturing of EEG signals on the phone without any delay. The system consists of two modes: (1) Recording mode and (2) Replay mode. In the recording mode, the application shows the contact strength of the headband at the top to indicate a user the signal quality -a complete status bar for full strength. User records the EEG data via a toggle button on the screen. All the calculated EEG parameters are made available to the user on the go. In the replay mode, the saved files in the phone memory can be retrieved for display and further analysis off the phone for driver behavior metrics ( 
Mobile EEG Data Processing
Distraction occurs in a high-low frequency pattern as observed in the power spectrums of the data from the subjects. Hence, a peak detection algorithm is useful at the start of a distraction event. Our detection algorithm was tailored to various customized thresholds for a subject and tested during the replay mode of the API (Fig.  21) . The alerts were in the form voice prompts to the user if the power in frequency bands or a combination of frequency bands passed the customized threshold level. The instantaneous value of the Distraction Index was used to differentiate the extent of distraction.
Conclusions and Future Work
In sum, we have shown that using a single dry sensor in the frontal region of the scalp (FC5) is sufficient to detect driver distraction using an individuals' EEG signals in a mobile environment. We tested our mobile application interface for detecting distraction events using peaks in the higher frequency bands of EEG data. Our real-time detection and feedback can help to bring about the cultural change needed in distraction driving intuitively and create safer driving scenarios. The scientific understanding of distracted driving is necessary to guide policies and support laws to answer critical questions for investment in next car technologies.
More work is in progress to develop an active real-time application guide to assist drivers in situations of active or passive distraction using their EEG signals via smart phones, including the combination of atomic events detection such as swipe, tap and pinch. In future, we plan to investigate the behavioral change of the drivers while interacting with our application. We are also working on identifying other driver behaviors such as taking turns, lane changes, sudden acceleration, braking time and reaction time using the brain signals. This multi-paradigm integration into a single mobile application will lead to predicting drivers' behavior based on their current state. It would be a substantial improvement in ensuring the health and safety of the drivers and other drivers who are becoming a part of the vehicle-to-vehicle communication network. The classification performance can be further improved using statistical feature selection algorithms. Classifier fusion methods [15] can also be used to extract EEG feature vectors that can further improve the detection capability of a distraction activity.
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